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ABSTRACT 
Polyvinyl chloride (PVC) is commonly used for drinking water pipes. Although PVC 
is resistant to natural environmental conditions, organic solvents may attack the pipe wall 
causing swelling, softening, water lines failure and drinking water pollution. Permeation is 
linked to underground storage tanks and random accidental spills of organic solvents or fuel 
derivates. Although rare, several cases have been reported. This thesis was developed with 
the idea of increasing the understanding of permeation process, developing new laboratory 
methods for permeation testing, and helping pipe companies in assess about pipe selection in 
zones of high risk. Near infrared spectroscopy (NIRs) was selected as the methodology. NIR 
is already used in both organic solvents and polymer fields for discriminative and 
quantitative analysis of organic compounds. The objective of the first study was to track the 
permeation of PVC pipes by two major organic solvents (toluene and benzene) at different 
concentrations. The development of principal least squares (PLS) calibrations with NIR 
spectra and reference data provided by the Civil Engineering lab in Iowa State University 
gave accurate models with the following statistic values: R2 above 90, Relative performance 
determinant (RPD) higher than 3, and standard errors of prediction (SEP) values similar to 
the standard error of the laboratory (SEL). These models could predict the permeation state 
of studied pipes in mm of solvent moving front, weight gain or days under permeation. The 
second study lead to the correlation of the pipe permeation susceptibility in pure toluene in 
mm/h12 to the pipe spectra. Spectra differences from several pipe brands and sizes were 
modeled with locally weighted regression (LWR) and resulted in several models which can 
predict with accuracy (RPD above 5) the pipe susceptibility to permeation. In summary, NIR 
is a suitable tool for permeation studies and may contribute to the better understanding of 
permeation. 
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GENERAL INTRODUCTION 
INTRODUCTION 
Permeation according to the US Environmental protection Agency (USEPA) is the 
passage of external contaminants through porous, non-metallic materials, into the drinking 
water. 
Permeation of chemicals through plastic pipes and gaskets has been a proven cause of 
drinking water contamination in United States in recent years. Most cases (89%) have been 
associated with high level of contamination in soil due to gasoline, oil or other products 
(including gasoline derivatives), and have occurred in areas of high risk for chemical spillage 
(Hoisen et al., 1991). In Montana, for instance, there have been more than 4000 known 
petroleum releases that polluted soils. Some affected water pipelines, such as a case in 2002 
where benzene permeated a polystyrene (PE) pipeline (DEQ-PRS, n.d). Texas had the 
highest releases of benzene and toluene, 1,135,994 and 16285 pounds respectively, from 
1987 to 1993, (EPA, n.d ). Rapid real estate development and shortage of green sites favors 
building on brownfields where contaminants may be present. 
Polymeric materials are mostly organic with bonded carbon atoms and different 
substituents. Since polymeric pipes are easy to install, do not show corrosion, and have a 
good service life, they are currently one of the most popular materials for water lines. 
Chemical permeation of PE and Polyvinylchloride (PVC) accounted for 39% and 15%, 
respectively, of the total permeation cases reported in United States (Hoisen et al., 1991). 
PVC seems less susceptible to permeation at low solvent activities but was affected at high 
soil contaminations (AWW A, 2002). Once the material has been permeated, higher rates of 
chemical diffusion occur. Pipes become more susceptible to permeation if a second spill 
occurs, due to the chemical degradation and higher porosity of the material after pipe 
swelling (AWW A, 2002). 
Few instruments for measuring permeation variables are currently available in the 
market (Comyn, 1985). Development of a prediction model for PVC permeation may 
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become a new technique to get permeation parameters. A good prediction model would be an 
important tool for future research of permeation under different environmental conditions. 
Although permeation affects physical properties such as resistance, other changes in 
molecular bonds or vibrations due to the solute passing through the pipe wall is expected. 
Also solute concentrations will give different near infrared (NIRS) spectra and thus a way to 
detect the extent of permeation of the pipe. 
A discrimination analysis using laboratory data from permeation studies and NIRS 
spectra may allow predicting the future performance of pipes when exposed to permeation by 
organic solvents. The fast scanning of pipes and the non-destructive analysis of samples 
makes NIR an alternative tool for permeation prediction and understanding. 
This thesis is composed of two studies. The first part of this research is a first step for 
better understanding of polymer permeation by different organic compounds by tracking the 
PVC pipe permeation with various solvents and concentrations. The second study creates a 
NIRS tool to predict susceptibility to permeation of PVC pipes through their NIR spectra. 
LITERATURE REVIEW 
Near Infrared Spectroscopy (NIRS): Principles and theory 
The electromagnetic energy or light can be characterized by properties such as 
wavelength, frequency, amplitude, and intensity. Wavelength is related to the energy as it is 
shown in the fundamental equations: Planck's fundamental energy (1), which according to 
quantum theory is the energy of a photon, and frequency/wavelength correlation (2). This 
energy (1) may be absorbed or emitted by a molecule. The principle of conservation of 
energy states that the molecule energy will vary this same amount of emitted or absorbed 
energy (E = hv). 
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(1) E = hv h = Planck's constant, 6.6 x 10"34joules-seconds 
v = frequency, seconds _1 
(2) C = AV c = speed of light, 3 x 1010 cm/second 
X = wavelength, cm 
From those two equations we can derive a spectroscopic unit called wave number, 
reciprocal of the wavelength (3) which is sometimes used instead of wavelength units. An 
increase of wavenumber corresponds to an increase of energy but a decrease in wavelength. 
Frequency units are less often used in NIR as in the other regions of the IR (Williams and 
Norris, 2001). 
(3) E = hc(l/X) (1/X)= v = wave number, cm"1 
The wave distribution arranged according to energy, frequency, wavelength or 
wavenumber gives the electromagnetic spectrum. 
The infrared range of the light spectrum covers the electromagnetic wave frequencies 
in the range from 300 GHz to 400 THz and with wavelengths ranging from 1 mm to 750 nm. 
The infrared range is very broad, and it is split to three regions: Far-infrared from 300 GHz 
(1 mm) to 30 THz (10 (j,m); mid-infrared from 30 to 120 THz (10 to 2.5 (j,m); and near-
infrared from 120 to 400 THz (2,500 to 750 nm). 
When a sample is irradiated, a part of this radiation is reflected (also called specular 
reflectance), the rest enters the sample to a certain depth depending on the wavelength 
(Hruschka, 1987). Once in the sample, the radiation can be transmitted through or can be 
reflected as diffuse reflectance (Dryden, 2003). 
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Figure 1. Electromagnetic wave range of frequencies and wavelengths 
(source: Baylor university web-site, center for analytical spectroscopy) 
Molecular bonds of a sample can absorb or emit photons while changing the original 
energy level. When the frequency of infrared radiation is the same as the frequency of 
vibration of the molecules, a photon is absorbed and it excites the molecule, passing from its 
ground vibration state to a higher energetic state. 
According to the quantic theory, only discrete energy amounts can be absorbed 
(levels). The energy of the molecule can be calculated with the following equation (4): 
(4) En = (n + V2) (h/27t)(V(k/|i)) k= force 
h= Plank's constant 
n = quantum number 
A transition when n= 1 is a fundamental absorption, less energetic, so it requires 
longer wavelengths and less energy. As n increases, we find higher states of excitement and 
more energy is required. Figure 2 shows the energy levels of radiation absorption, where 
shorter wavelengths allow higher excited states. 
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Figure 2. Energy levels for absorption of radiation 
(source: University of California, department of chemistry) 
Each molecule absorbs certain infrared light frequencies that make the dipole moment 
change, producing stretching vibrations that affect bond length in molecules, bending 
vibrations that affect bond angle in molecules with three or more atoms, and molecular 
rotations (Davies, 2005). The energy required for vibrating varies on the bond length and the 
kind of vibration; for instance, according to Davies (2005), stretching requires more energy 
than bending. To sum up, two conditions must be satisfied in order to get IR absorption from 
a molecule. First, the radiation frequency must match the fundamental frequency of the 
molecular vibration. Second, the radiation and the molecule must interact in the way that the 
dipole of the molecule changes in the same direction as the electric field vector created as 
result of the radiation (Thermoelectron, 2005) 
The far infrared region is useful in scientific fields where molecules with heavy atoms 
are involved. When an atom is heavy, it absorbs light at lower frequencies because it vibrates 
at lower frequencies; this is the case of most inorganic compounds, while the mid and near 
infrared region are widely used in organic chemistry fields. 
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Near infrared is comprised of the shorter and more energetic wavelengths in the IR 
region. The NIR spectrum is composed of overtones of OH, SH, NH, and CH vibrations. The 
overtones represent the absorption of radiation found in higher vibrational state molecules in 
the ground electronic state. It happens in anharmonic systems. The non harmonic systems 
differ from harmonic systems that it is also possible to see the transitions also called 
overtones to no continuous energy levels (n >1). Non harmonic systems also consider that 
higher energy levels are followed by lower energy increment between levels than the 
expected integers from fundamental frequencies (Pou, 2002) (Fig 2). 
Natural vibration of molecules is harmonic in their equilibrium position (ground energy 
level), but non ideal non harmonic vibration exists due to repulsion forces between atomic 
nucleus, and this is the principle of the near infrared spectroscopy. Because the transitions 
when n>l do not happen frequently, the band intensity is much lower, and the higher the 
overtone the lower the intensity expected in the spectra (Pou, 2002). Thus vibrations are 
between 10 and 100 times more attenuated than in mid infrared region (Drydden, 2003). The 
band intensity in NIR is related to the non harmonic character of the bonds: bonds of lighter 
weight elements have more accentuated stretching and non harmonic behavior, with higher 
intensity in overtone and combination bands (Pou, 2002). Hydrogen is a very light atom, so 
this is the reason why hydrogen dominates in the NIR spectroscopy (Davies, 2005). 
NIR spectra have also combination bands of the stretching and bending of the same or 
similar groups. Hydrogen is the atom also involved in almost all the bands in the 
combinations (Weyer and Lo, 2002). Combinations bands are formed by overtones from 
different non harmonic vibrations, but also some bands due to different modes of vibration of 
a same molecule and inactive MIR bounds which may appear and be overlapped. 
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Figure 3. Representation of the energy levels in anharmonic systems 
Despite the difficulties to interpret NIRS spectra, NIRS has several advantages over 
IR. NIR allows using reflectance, so thicker samples or samples with almost no preparation 
can be analyzed, avoiding non-linearities due to strong absorptivities (Fischer and Pigorsch, 
2000) (Drydden, 2003). NIRS also can pass through glass and optical glass fibers, which 
allow a direct analysis of diverse materials (Coquette et al., 2002). Samples can be scanned 
more than once because NIR radiation does not alter the samples. 
According to Dryden (2003), signal: noise ratio is about 10,000:1 in NIRS. It is a low 
ratio so it allows working without having to dilute samples. Workman (2004) mentions other 
advantages, such as the C-H associated vibrational information which is repeated 8 times 
from 690 nm to 3000 nm, with the possibility of selection of either simple harmonics or 
combination regions for more information. 
When a sample is irradiated with NIRS and reflectance or transmittance is measured, 
we get the sample spectrum. The infrared spectrum from a sample shows the frequencies of 
infrared radiation absorbed and the % of the incident light that passes through the molecule. 
The amount of radiation reflected is usually expressed as log (1/reflectance), which curve is 
comparable with the absorption curve, finding peaks and valleys at wavelengths 
corresponding to absorption bands. Every molecule has its own characteristic spectrum, 
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where the bands depend on the types of bonds and the structure of the molecule as explained 
previously. 
Absorbance of a sample follows the Beer-Lambert equation (5). The formula can not 
be directly applied to common samples because the path length in a sample can not be 
determined; Because NIRS can have variations, such as non-specific scatter or radiation, 
variable path length, and chemical composition, there is no simple mathematical relationship 
between reflectance and the studied compound (Dryden, 2003). 
(5) Absorbance = Cx • e -1 Cx = Concentration of the test solute 
e = molar absorptivity of the test solute 
1 = Path length traveled by the light through the solution 
Reflectance measurements include both specular and diffuse reflectance. Specular 
reflectance provides no information about the sample so spectrometers try to minimize it 
(Pou, 2002). Diffuse reflectance follows the Kubelka-Munk theory, which expresses the 
reflected light as a function of dispersion and absorption. 
Spectrometers 
The spectrometer has five important parts: Light source, filter or wave selector (a 
monochromator for instance), sample compartment, detector, and signal processor. 
Instruments can work with one or two beams. Double beam instruments can simultaneously 
measure the reference cell and the sample cell, which avoids large source fluctuations 
(Burns, 2005). 
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Figure 5. Scheme of two beam spectrometer (Source: Burns, 2005) 
The tungsten halogen lamp with quartz body (quartz body allows working at 
extremely high temperatures, such as 3500K) is the most common light source. This bulb 
covers the interval from 320 to 2500 nm and the halogen allows the recycling of the 
evaporated tungsten (Stark and Luchter, 2005). Tungsten filaments are covered with silica, 
and halogen gas is usually Bromine (Spectral Products, n.d ). There are also tungsten 
filament lamps without halogen. Operation temperatures are lower, so they have glass body 
instead of quartz. The spectra are the result of the temperature increment of the tungsten 
filaments and the tungsten emissivity (Stark and Luchter, 2005). 
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The light emission diodes (LED) are instruments that provide near infrared radiation 
but covering only short ranges of the NIRS region, such as region from 900 to 970 nm (Pou, 
2002). They are suitable for small portable instruments. 
Some spectrometers need a filter for wavelength selection and more resolution. 
Instruments with tungsten halogen lamp need an accessory to select one or few wave bands 
from the total spectrum. Filters are the element in the spectrometer which leads to more 
diversity of instruments in the spectrometer market (Stark and Luchter, 2005). LED 
instruments also use Fresnel lens after timming filters to direct the beam light to the exit 
aperture, together with the diffuser. 
In pre-dispersive instruments, wavelength selection occurs before passing through the 
sample, for all instruments when they work with reflectance- or post dispersive - wavelength 
selection after the light passes the sample-.The accessory may be a filter, monochromator, 
acusto-optic tunable filters (AOTF), liquid crystal tunable filters (LCTF) or instruments with 
Fourier transformation, or either interferometers (FT-NIR). These wavelength selection 
systems can be grouped in two categories: Dispersive systems (monochromator instruments 
and diode-array instruments) and non dispersive systems (Filters, AOTF, LCTF and FT-
NIR). Dispersive systems have a light dispersant element which makes each single 
wavelength diffract on the sample each time, that is to say, they are capable to decompose a 
polychromatic light to monochromatic. 
The monochromator varies the wavelength during scanning. The light passes through 
the monochromator through an entrance slit which provides a narrow light beam, the beam is 
reflected in a collimator or mirror that produces a parallel beam of radiation and the parallel 
radiation is spread in the dispersing element. The dispersing element is what makes every 
monochromator different. A reflective grating is currently the most popular in NIR 
spectroscopy (Pou, 2002) (Burns, 2005). The grating makes every wavelength be diffracted 
in different degrees, forming the constructive (which are added to the main beam that leaves 
the exit slit since they are a proportion of the desired wavelength) and destructive 
interferences (Fig 6). The movement of the grating by an engine allows the use of more than 
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one discrete wavelength at different times. Finally, the focusing mirror helps the desired 
wavelength to be focused through the exit slit. 
Cuncuve 
Reflection 
praline 
Figure 6. Scheme of grating spectrometer (Source: Burns, 2005) 
Diode-array instruments do not need mechanical parts to scan samples: They have 
several detectors located in line, and read all the wavelengths at the same time. 
Filter systems may be simple, or more complex such as Fabry-Perot filters. They are 
usually called filter photometers instead of spectrometers since they do not provide spectra 
but just one or few measurements, and using the Beer-Lambert law as calibration are useful 
for measuring the concentration of simple compounds or mixtures. Conventional filters are 
just made with a semi transparent material located between the light source and the sample, 
which selects the adequate wavelengths. Fabry-Perot filters are made with two layers of 
metallic films alternate between three layers of dielectric compounds, such as CaF2 and MgF2 
(Burns, 2005). When light irradiates perpendicular to the surface, the light passes through the 
filter and certain portion of light is reflected from each metallic layer (destructive 
interferences). The selected wavelength is not reflected and passes through the two metallic 
layers, it reflected portion in the second metallic layers is reflected again through the inner 
surface of the first metallic layer (constructive interference) where it is added with the rest of 
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crossing light beam. The kind and amount of light that crosses the material by transmittance 
depends on the refraction ratio of the materials in the filter and their thickness (Pou, 2002). 
AOTF filters are very fast, robust, and with higher repeatability because they do not 
have moving parts and are non geometry dependant (Unice E-0 services Inc., n.d.) Light 
interact with a TO2 crystal which has been irradiated with acoustic waves at certain 
frequencies that allow the light separation in three beams when the refractive index changes 
for this reason. Different radiofrequencies may be applied to a crystal to obtain certain 
wavelengths from a polychromatic light. Instruments have a beam which blocks two of the 
beams from the crystal, allowing only one of the monochromatic beams to reach the sample 
(Stark and Luchter, 2005). 
FTR-NTR spectrometers are mostly either based on the Michel son interferometer or 
prism interferometer. A Michel son interferometer splits the light beam, reflects it from two 
mirrors and recombines later in one light beam. One of the mirrors is mobile, while the other 
is static. The length difference of the two paths determines if there are constructive or 
destructive interferences, and thus reduces or increases the intensity. The frequency of 
modulation of the output intensity due to the movement of one of the mirrors is proportional 
to the frequency of the input light. The final read result is an interferogram, which is the 
representation of the light intensity as a result of the light interference from the two mirrors 
versus time, being the detector signal a function of the path difference between the two 
mirrors. The Fourier transformation allows getting spectra from the interferogram. 
The sample compartment lies between the wavelength selection system and the 
detector. Detector and amplifier are considered the most common sources of noise in 
instruments (Stark and Luchter, 2005). When transmittance is measured the detectors are in 
line with the sample, while for reflectance, more than one detector in certain positions are 
used. The detectors are made by photo sensitive material which produces an electric signal 
when the photons reach them. The selected materials depend on the NIRS region. Under 
1100 nm the common detectors are made with silicon, while in the 1100-2500 nm region the 
most common are made with lead sulfur. The electrical signal is transformed to digital signal 
by the computer, which can be treated and analyzed with statistical packages. 
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Chemometrics applied to NIR spectral data 
If the sample contains only one compound in an inert carrier, spectral intensity would 
be related to its concentration according to Beer-Lambert Law. But due to mixtures, bands 
can overlap and spectra may be difficult to interpret, needing mathematical and statistical 
procedures (chemometric methods) to extract information from the spectra. Chemometrics is 
the term used to refer to the application of mathematical and statistical methods to analyze or 
discriminate certain compounds in a mixture. 
To build a model, representative samples are needed in, which the concentration of 
the compound of interest is known via traditional laboratory measurements. Also spectral 
information from the same samples is needed. Multivariate analysis (the use of more than 
one wavelength) is needed (Fearn, 2005). Chosen wavelengths should maximize the 
absorption by the analyte, minimizing at the same time the noise that the absorption by other 
constituents may cause (Dryden, 2003). Common calibration methods use hundreds of 
wavelengths, since spectra may show overlapping peaks and other variations. Several 
techniques are used for keeping the relevant information, rejecting the collinearity or non 
important information from certain wavelengths in the analysis. 
The calibration is the procedure of building a predictive model for quantification of 
an analyte. The steps of developing a calibration are following briefly explained. 
Choosing the training set 
Choosing suitable samples is very important in order to get a robust calibration. Since 
the calibration must be useful for future predictions, the training set must be representative of 
the "population" of samples, that is to say, ensure that the analyte will be found in its whole 
concentration range in the selected samples. Chemometrics will help to discriminate 
variations in spectra due to other compounds or properties from the training sets. The number 
of training samples will depend on the sources of variability considered (Fearn, 2005), trying 
to be represented evenly. The best number of samples is not fixed. Simple calibrations may 
require 50-100 samples, the quantification of other compounds may require hundreds or 
thousands (Dryden, 2003). The ideal set would follow a uniform distribution for the 
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compound to be predicted, avoiding this way bias toward the mean concentration of the 
sample in the predicted values (Kovalenko, 2005). The selected samples are scanned with a 
spectrometer, which will collect the spectral information in absorbance or reflectance units. 
Pretreatments of the spectra 
Diffuse light is part of the measured reflectance of the light and not only has the 
desired information but it is due to the absorption and dispersion, which are dependents on 
the surface or other physic characteristics of the sample such as orientation or size of the 
particles (Pou, 2002). The variation in the spectra due to this may be huge, overlapping the 
desired information about the analyte and affecting the calibration model. Collinearities 
between wavelengths when they are not related to the concentration of the analyte of interest 
are also interferences, as well as the distortion caused by differences in water content and 
temperature in the samples (Dryden, 2003). The non useful information is also considered 
noise, and may be reduced with the pretreatments. Although there are several methods of 
pretreatments, only the most relevant for this research are briefly commented below. 
Savitsky-Golay derivatives. This technique of smoothing enhances the relevant 
peaks, making them more visible using a mathematic algorithm, that is, it corrects the effect 
of overlapping peaks. Sometimes the enhanced peaks may be also noise, and this is one of 
the aspects to pay attention when this technique is applied. The first derivative helps to 
remove the displacements from the baseline (constant factors for all the wavelengths). 
Second derivative corrects the terms that vary linearly with the wavelength (Pou, 2002). A 
polynomial with a chosen order will be fit in the number of smoothing. Figure 7 shows the 
effect of a second derivative on overlapped peaks. 
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Figure 7. Spectra with overlapped peaks (A) is corrected with second derivative treatment (B), where 
the individual peaks arise 
Multiplicative scatter correction (MSC). This method helps to eliminate sample 
physical characteristics from the spectra. Scatter effects of light on a sample may be 
multiplicative and additive (Naes et al., 2002). The representation of each spectra value from 
the sample versus its spectra average gives a linear relationship, with the shape: y = a+ bx + 
error. 
The constants a and b represent the multiplicative and additive effects respectively, y 
is the value of the spectra at certain wavelength for a certain sample, and x is the average of 
all the spectra from all the samples in the wavelength. The error term involves the differences 
in chemical composition between samples among other random effects that can not be 
modeled. If the scatter effect is not important it will remove also information related to the 
chemical composition (Naes et al., 2002). 
Once the equation is calculated for each wavelength, the transformation involves the 
subtraction of the constant "a" (offset correction) and the division of the subtraction by "b" 
for each sample and wavelength. 
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Autoscaling. The spectral variables may be normalized with mean = 0 and variance 
= 1. This correction is required when principal component analysis is used. 
Standard normal variate (SNV). It centers and scales the spectrum of each sample. 
The mean of the spectrum is subtracted from each wavelength of the spectrum, and the result 
is divided by the standard deviation of the spectrum. The total set of spectrum has a mean of 
0 and variance equal to one after the treatment. The method allows the correction of noise 
due to sample particle size. The results after this transformation can be compared with the 
ones from MSC. 
Principal component analysis (PCA) 
PCA is a previous analysis for some of the regression methods, such as Principal 
component regression. It is also a useful technique to detect clusters and outliers in the data 
(discriminant tool).When the spectral data from certain wavelengths is correlated and it is not 
related to the chemical concentration of analyte, is said that the variables are collinear and its 
information is redundant (Lavine, 2000). 
PCA summarizes the variance-covariance matrix of spectral variables, reducing the 
dimensionality of the data but keeping the main information from the variables (removing 
redundancies or collinearity). New basis vectors (eigenvectors) are defined for this purpose, 
which substitute initial axes. This new vectors are called principal components (PC), and are 
built following the direction of biggest variability in the initial space and using linear least 
squares (Lavine, 2000). That is to say, the first PC follows the direction of the largest source 
of variability, while the fifth PC, for instance, follows the fifth largest direction of variability. 
Figure 9 shows the graphic concept of PCA. 
The maximum number of PC that can be determined is the smaller number we find 
between the number of samples or number of measurements (Lavine, 2000). 
All PC are orthogonal to each other and describe different information, because there is no 
collinearity and they are independent. PCA requires mean centering or autoscaling (or 
working with the correlation matrix), so the eigenvectors have length = 1. The variance of 
each PC is expressed by their eigenvalue, so the first PC will have higher eigenvalue and the 
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last PC smaller, although smaller PC may represent noise it does not mean that always the 
first PC will have the information we are interested in. The way to choose the number of PC 
for the analysis is determining how much variability we want our model to account for. Data 
take new values in each PC, and they are called PC scores. 
Calibration and prediction 
The calibration is developed correlating the matrix with the spectral information 
(reflectance data, for instance) from the training set with the reference or laboratory data of 
the same training set also in a matrix or vectorial structure depending if the calibration is for 
one or more analytes. There are several methods for calibration, and they can be divided in 
linear (the equation resulting from the calibration has a first order equation) and non linear 
(the resultant equation has polynomic structure). 
Three common methods of linear calibration are multiple linear regression (MLR), 
partial least squares (PLS), and Principal component regression (PCR). 
PCA 1 
Figure 8. Graphic representation of PC from a data set 
(Source: Palmer, n.d.) 
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MLR is an old technique with the algorithm represented in the equation 6. Since it 
does not select the wavelengths by itself, it is highly affected with the data collinearity and 
overfitting when a lot of wavelengths are included in the analysis. Overfitting is the 
phenomena which results from the use of a lot of wavelengths providing a good calibration 
model but, once the model is validated, it shows to be not useful at all for predicting (High 
values of the standard error of prediction, SEP) (Dryden, 2003). 
MLR finds the linear combination of the spectral data which can reproduce the matrix 
or vector of reference minimizing the error (least squares fit).By stepwaise, the variable are 
added in the model when the least square error is minimized, using this way all the variables 
and all possible convinations, keeping the one with lowest error for the equation in every 
step. The model seems to work well in calibration without many interferences, noises or 
collinearity problems (Kovalenko, 2005), but with real data the method use all the variance, 
even the no relevant one and noise, which would lead to a no very good predictive model. 
Y = a + piXi + P2X2 + ... pmXm + £ , „ . . cr • + (6) 11 1 Where p = partial regression coefficients 
PGR and PL S are similar linear calibration method which give better calibration 
models when multicollinearity is involved, combining the PCA technique and MLR, and 
developing the calibration with the new and reduced number of variables from the PCA. The 
difference between the two models is that PGR maximize the variance of the linear 
combinations only between the independent predictor variables (or spectral data) and PL S 
maximizes the covariance between the linear combinations of the spectra and reference data. 
PGR first decompose the matrix of independent variables and then with MLR fits the model 
using the PC instead of the raw independent variables. PL S estimates the factors considering 
both independent and dependent data (spectral and reference), defining a sub space in the 
independent variable that models better the dependent variable. Because PL S considers both 
kind of variables, it may be considered a more improved method since PGR is not as good 
modeling the dependent variable. 
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Another regression method, locally weighted regression (LWR), is considered in this 
study because of its suitability for heterogeneous data, success dealing with non linearities 
(Center et al., 2000), and support to several data distributions (Atkeson, 1996). 
This method is based in finding the specified object or point to be predicted and 
selecting the closest points to it (by Mahalanobis or Euclidean distance) The neighbor points 
may be weighted using their calculated distances to the point to be predicted, regulating the 
importance of the points in the calibration. This way, points closer to the prediction points 
will have more weight (Friedman, 1995), and points that belong from a same cluster will 
have more weight in the prediction of that associate sample to predict. So although all 
samples are considered in the beginning, the assignment of weights leads of a reduce number 
of samples influencing the model. 
Validation and suitability of the model 
Once the calibration model has been built, it must be checked in order to ensure its 
suitability for predicting new samples. The validation concept comprises the comparison of 
the real concentration of the analyte (reference data) with the predicted value with the 
developed model. For this purpose, either a new external set of sample or cross validation 
among other methods may be used when the model is being built. Cross validation technique 
divides the data set in subsets, and starts calculating the model only using one of the subsets. 
Then the second subset tests the model, and after that is incorporated to develop a new 
model. For full cross validation the procedure finishes when all the subsets are included and 
tested. 
The suitability of the model and data is described by several statistics, the most 
common are following described. 
Coefficient of determination (r2). The square of the regression coefficient indicates 
how much variability in the lab data is accounted by the calibration model. Although values 
close to 1 are considered very good in the calibration model, when r2 is too high we have to 
check for overfitting in the standard error of prediction (SEP) and r2 from the validation 
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model, r value is not enough to judge the accuracy of a calibration since it is dependant to 
the range of data. 
(7) 
y: Predicted value 
y: Reference value 
N: number of samples for the model or validation 
Standard error of the lab (SEL). It expresses the variability between the reference 
values, giving an idea of the precision or reproducibility of the lab (Marten et al., 1989). 
(8) 
SEL=^ 
N 
s  
7=1 
Êk -Xj/(*-!)] 
_ M  J  
N 
yif. ith replicate and jth sample 
yf Mean of the replicates for the jth sample 
R: number of replicates 
N: number of reference samples 
Standard error of prediction (SEP). Defines the variability in the difference 
between predicted and reference values in the validation set, or in other words, the standard 
deviation of the variations due to difference between predicted and reference. It provides an 
idea about the precision of predictions. It provides an estimate about the difference between 
the prediction and the 'real' values will be when the model will be used for real. SEP should 
be at most 1.5-2 times bigger than SEL to be acceptable or similar to the reference method 
accuracy (Kovalenko, 2005). Alternatively we can calculate SEP as the root mean square of 
differences (RMSEP) (10) 
(9) 
SEP = ^  
N - 1  
y: Predicted value 
y: Reference value 
N: number of reference samples 
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(10) 
RMSEP = ^  
N 
Bias (D). It is the mean difference between the predicted and lab data. 
(11) 
d 
_iv Predicted value 
y: Reference value 
N: number of reference samples 
Relative performance determinant (RPD). RPD is the ratio of the standard 
deviation of the reference data over the SEP. It is related with the validation r2 (12) 
(Kovalenko, 2005) and also is related to the ability of the model to predict. The value of SEP 
alone sometimes does not give enough information, if SEP value is almost the standard 
deviation value then the model is not good predicting since it will be predicting the 
population mean. The best values for quality control analysis are around 5 and above, 
between 3 and 5 the model can be used for screening, and values below 2 are considered not 
accurate (Williams and Norris, 2004). 
(12) 
RPD = 
(13) 
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Permeation of Poly vinyl chloride (PVC) pipes 
Structure and characteristics of PVC 
PVC accounts for 13% of the total polymer production (Fischer and Pigorsch, 2000). 
Polymers are fossil fuel derived, so they are made by organic compounds with carbon atoms 
linked by covalent bonds forming linear or branched molecules with low rates of cross 
linking. Because of this, they are called thermoplastics, and can be modeled when they are 
heated enough. 
PVC has a simple structure with carbon and hydrogen atoms with a chlorine atom 
every alternate carbon, added by free radical polymerization of vinyl chloride (Fig 9). The 
chloride atom gives some advantages, such as resistance to the fire when it is released after 
PVC pipe exposure to the fire. PVC is made by low or medium molecular weight materials. 
Also PVC has stronger secondary bounds (Van der Waal s forces) between neighbor 
molecules because of this chloride atom, and makes PVC a harder plastic. 
II 
free radical 
vinyl polymerûaiioii 
» 
H H 
II 
1 1 
H Cl 
•vinyl cliloiidc polyvinyl chloride) 
Figure 9. PVC molecular structure 
PVC has a glassy, amorphous and rigid structure, but the internal structure not only 
depends on the polymer itself, but also how long it takes to get cold. The short time of 
cooling provides polymer with more crystalline structure. The properties of these polymers 
vary with additives (Stabilizers/anti oxidants, plasticizers, lubricants, impact modifiers, 
fillers, dyes, compatibilizers) and manufacturer's operational characteristics (extrusion 
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process). Additives are necessary in order to protect PVC from ultraviolet light, to give 
flexibility, prevent from shrinkage and oxidation, and prepare the polymer for specific 
functions. 
PVC and polymers in general have several applications, such as packaging or films, 
electronics (insulation of cables), coatings, adhesives, automotive industry and so on. 
Polymers are very popular in pipes due to their resistance to chemicals using the adequate 
additives, price, relatively low density and weight, and less degradation and toxicity. 
Permeation of polymeric structures 
A recent problem linked to punctual contamination by fuel, petrol, or heating oil and 
its lipophilic and non polar organic solvents casts doubt on the suitability of polymers for 
buried waterlines where there may exist a high risk of this kind of contamination, such as 
petrol underground storages, fuel or industrial areas (WRAS, 2002). The fact that the soil 
covering the utilities is usually more porous, especially for silt and clay soils, makes the 
leaching of the solvents faster. Furthermore, utility trenches may direct the pollution from 
liquid solvent and vapors to pipes not directly in contact with the spill (DEQ-PRS, n.d ). 
Permeation is a mass transport or flux through a material due to an activity gradient. 
It involves adsorption, diffusion of a solute in aqueous or vapor phase through the porous 
medium, and desorption and release of the solute. Steady state diffusion is explained by the 
Pick's first law (14), where the unidirectional flux or linear diffusion is proportional to the 
gradient of the solvent concentration. The solvent will move from where the concentration is 
higher to the direction where concentration is lower. Diffusion coefficient is assumed to be 
constant and independent of concentration of solvent in the material (not real for strongly 
absorbing solvents). Diffusion coefficient may change due to morphology changes of 
polymers, and changes for strongly associated solvents (Westbrook, 1999). The diffusion or 
flux of solvent through the polymer will be dependant on several characteristics of the 
polymers, such as chain stiffness, crosslinking ,chain stiffness, if the polymer is crystalline 
and the size and distribution of the crystals, and how soluble are the molecules in the 
polymer structure among others (Mauritz, 2004). 
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(14) Jï"x = -D{ ) F= Flux in x direction 
dX 
D= diffusion coefficient (m2/s), depends on the 
moving atoms and the solid 
dC/dX = Concentration gradient 
The diffusion coefficient D may be a function of the concentration since some 
mechanisms in the polymer immobilize part of the solvent. It may also be time and direction 
dependent due to relaxations on time comparables to the relaxation due the one caused by the 
diffusion, and finally it is also dependent on the temperature (Rogers, 1985). Another 
analogous equation for the diffusive flux at steady state can be expressed as a function of the 
solvent amount passed through an area during certain time (15) 
(15) F = Q/At 
Pick's second law of diffusion would express the diffusion when the solute 
concentration changes in time (non steady state) and considering also unidirectional flux the 
law would take the notation on the equation 16, where C is dependant of time and position in 
the solid. 
do arc 
<16> 
The rate of permeation (Eq. 17) is a function of activity. Activity gradient is the 
driving force for mass transfer, and is equal to solvent concentration for ideal solutions 
(Westbrook, 1999). 
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(17) M = U'A-(Aa) M = Mass permeation rate (dQ/dt) 
U = Overall Mass transfer coefficient 
a = solute activity 
The activity of an aqueous solution is computed dividing the concentration of the 
solvent by its maximum solubility in water. Permeation rate depends then on the solute and 
medium properties, solute-medium interactions, solute concentration, Reynolds number, 
medium thickness and environmental conditions such as temperature (AWW A, 2002). 
Molecular flow is the main mechanism of permeation in polymers. Equation 18 is 
another way to express the mass flow rate of solvent (Q). 
(18) Q = P 0 a* A/L P = Permeability coefficient, unique for each polymer 
C = concentration of solvent 
a = fractional activity (pure solvent =1) 
A = cross sectional area of the membrane 
L = thickness of the membrane 
The permeability coefficient is related with the diffusion and the solvent solubility 
proportionally (19). If the solvent molecules have high size, solubility increases but diffusion 
decreases. 
(19) P = DS 
Small diameters of pipes give higher ratios of surface transfer-mass of pipe and 
permeation is expected to be faster. 
The solvent concentration on the outer surface of the polymer C and the concentration 
already absorbed c, follow a distribution: The Nernst function (20). This function considers 
the temperature, reflected in the K value, as a new factor which affects the flux of solvent in 
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the pipe wall, and hence, the permeation process. The rest of equations shown are isothermal, 
that is to say, temperature is considered constant. 
(20) c = K C 
Permeation mechanism is different in the different polymers due to their different 
chemical structures; Diffusion coefficient decreases with the higher presence of crosslink of 
the crystalline structure of PVC. The movement of polymer chains affects considerably to the 
transport process of the solvent through the polymer, and this is affected by the temperature 
and the concentration of solute already in the polymer structure c. High temperature (which 
make the diffusion coefficient increase and thus the permeation flux) and high concentrations 
provide high volume to the solvent flux. Molecules pass trough the small free volumes of 
PVC walls. When the solvent goes inside the polymer, it makes the polymer structure 
change. Van de Waal s and other interactions may be broken in order to allow the solvent 
pass through the wall. Organic solvents make pipes swell and increase the rate of diffusion 
(ASDWA, 2002), and also mechanical properties of the pipes are affected, such as hardness 
and strength (Westbrook, 1999). 
Since modeling of diffusion in non rubbery polymers is complicated due to the 
mathematic parameters, environmental dependence, and polymer heterogeneity, permeation 
measurement following Tick's laws is not viable. Permeation seems to be correlated with the 
pipe softening and swelling, since no permeation occurs ahead of the moving front of solvent 
in the pipe wall (Gaunt et al., 2006). The measurement of the solvent front through the 
polymeric wall or the determination of the polymer weight gain due to the solvent adsorption 
may be accurate ways to measure permeation (Mao, n.d ). A rapid method that could detect 
either or both of these parameters would be of great help to pipe manufacturers and public 
utilities. 
Once Organic compounds reach the interior wall of the pipe and if the water flow in 
the pipes is low, the solvent will not be much diluted and the concentration in water may be 
high. Some of the constituents of petroleum such as benzene and toluene have maximum 
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contaminant levels (MCLs) in water (5 ppm and 1 ppm respectively) established by the 
Environmental Protection Agency (EPA). Before reaching the water, solvents alter some of 
the characteristics of the waterlines, affecting their functionability. 
Because of the swell caused in the pipes and the organic compounds remaining in the 
pipe wall, which would act as a permeable medium (solvated material has higher diffusion 
coefficient), the permeation rate would increase in a second spill (Selleck and Marinas, 1991) 
(WRAS, 2002). Swelled permeated pipes acquire a more rubbery structure, with higher 
chain mobility. The permeation then is more controlled by the solubility of the solvent 
(Mauritz, 2004). 
Current studies about NIRS-polymers and gasoline compounds 
NIRS and polymers 
The first studies of NIRS applied to polymers started in the late 70s. The topics were 
focused on quantification of certain compounds in the polymer, such as the water or residual 
C=C bounds (Shimoyama et al., 1998). 
NIRS is currently useful in plastic recycling. NIRS systems in this field can work 
both in reflection or transmission, depending on the opacity of samples, and it is capable of 
recognizing different plastic and polymers such as PE, PP, PVC, PET and HP. Recent reports 
show how PVC products, which may include more than 50 additives, can be discriminated 
according to the different plasticizers; The plasticizers quantification is possible and 
successful by adequate statistical treatment of data (Fischer and Pigorsch, 2000; Garcia et al., 
2001; Saeki et al., 2003; Barcala et al., 2004). The goal is to develop better plastic 
discrimination from recycled materials. 
Also in polymer production NIRS provides an indispensable and extended tool for 
quality control on polymeric materials where only temperature and pressure were 
monitorized in the beginning. Optic fibers introduced new possibilities for measuring in 
continuum and directly on samples. Furthermore, the measurements can be done at distances 
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higher than 1000 meters from the spectrometer (Fischer and Pigorsch, 2000). Complete 
analysis and quantification of PVC ingredients could be possible with a suitable calibration 
model, and classification methods allow determining if certain product it is between the right 
boundaries of quality. The measurement time is fast, so fast rectification if there are 
production errors is possible. NIR may allow measurements of density (Shimoyama et al., 
1998), and detection of changes in composition, hydrogen bonding, orientation of polymer, 
moisture, melt flow index or viscosity, cristallinity, degree of cure, and mechanism of 
reaction among others, important parameters in polymer production that may be monitored in 
the extrusion process (Rohe et al., 1998; Lachenal, 1998). The increased NIRS use in 
polymer production may be limited by economics and working environment (Rohe et al., 
1998). 
On the other hand, NIR spectroscopy has been capable of detecting differences in 
PVC due to photodegradation and focuses on the C=0 bond absorbance (Garcia and 
Cibulsky, 2005), proving again how the technique is able to detect small chemical changes in 
the polymeric structure. 
NIRS and gasoline compounds 
Since gasoline is a mixture of various hydrocarbons and oxygenates, provides a 
spectra with lot of overlapped features such as CH, CH2 and CH3 groups. Petroleum products 
from light straight-run products have already been discriminated using PCA and mahalanobis 
distance (Chung et al., 1999). 
NIRS is especially useful for refineries which need to specify product characteristics. 
For instance, gasoline needs to be classified according its octane number, which is a rate that 
provides information about the product performance in different engines and lead to normal, 
super, and super plus gasoline. The traditional method to determine both research octane 
number and motor octane number involves the sample combustion in a 'knocking engine', 
which is not timely enough to control production. NIRS can determine octane number of 
gasoline (Ozdemir, 2005; Chung et al., 2001; Bohacs, 1998) in real time. 
29 
Other gasoline proprieties may be measured with NIR. Bohacs (1998) proved how 
other 10 fuel properties besides research and motor octane number were measured 
successfully with NIRS. Benzene and methyl-terier-butyl-ether were two of the compounds 
which showed a very high correlation with the NIR spectra. Breitkreitz et al. (2003) predicted 
sulfur concentration in diesel with linear calibration models (PLS, PCR, and MLR) with 
RMSEP from 0.022 to 0.043%. Figure 10 shows an example of calibration model for 
benzene quantification in gasoline, with a R2 = 0.93. 
Figure 10. Example of a commercial model for benzene prediction in gasoline 
(Source: Guided wave incorporated, 2005) 
Aromatic hydrocarbons show special NIR spectral features. In wavenumbers, 
benzene ring gives a peak in the 2128 - 2222 nm range. Both toluene and benzene show 
distinct spectral bands at 2469 nm, and in the range 2128 - 2222 nm (Chung et al., 2004) 
(Fig 11). 
These special features make both compounds easy to discriminate using NIR. 
Currently NIRS sensors are used also for toluene, benzene and other organic s quantification 
in ground and surface water (Karlowatz, 2004). Remote fiber optic reflectance sensors have 
been also proved to be feasible in organics (toluene and benzene among them) detection and 
characterization in soils using the region of 1400 - 2200 nm (Schneider et al., 1995). 
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Figure 11. Toluene and benzene spectra, according to Chung et al. studies (2004) 
There were no precedents about NIRS use for organic permeation prediction of pipes 
are found currently, but since NIRS has shown to be suitable for plastic discrimination and 
organic compounds from gasoline detection and quantification, this new application appeared 
possible. 
THESIS ORGANIZATION 
This thesis is written following a format in parts. The first section is the 
introduction with a general introduction, followed by an extended literature review or 
background. The first part is the first study "Tracking permeation of PVC pipes with NIRS", 
and the second part is the study "Prediction of future permeation performance of PVC pipes". 
These are followed by a section of general conclusions, future research, appendix A and B, 
and acknowledgements. The information in appendix A and B refers to characteristics of pipe 
samples and Excel plots of the iterations from the second part or study. The results from both 
studies will be published by the American Water Works Association (AWWA), and will be 
compiled in one paper to be submitted to either Near Infrared Spectroscopy or Environmental 
and Civil Engineering. 
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PART I. TRACKING PERMEATION OF PVC PIPES WITH 
NIRS 
INTRODUCTION 
Permeation is defined as the movement of permeate, solid or gas, through a 
material by concentration gradient. United States Environmental Protection Agency 
(USEPA) defines permeation as the passage of contaminants external to the pipe into the 
drinking water. Although permeation through pipes is rare, permeation by organic solvents 
have been reported (Gaunt et al., 2006; Hoi sen et al., 1991). Gaunt et al. (2006) reported a 
survey where 0.54% of the mains were under risk of permeation conditions by gasoline and 
chlorinated solvents. Most cases of permeation, 89%, occurred by gasoline, chlorinated 
compounds, fuel compounds and other gasoline derivates. The zones of high risk involve the 
proximities of underground tanks, but permeation may be expected randomly when 
accidental spills occur (Hoisen et al., 1991). The main concern derived from permeation is 
not only the eventual failure of waterlines, but also the health hazard of toxic solvents 
reaching the drinking water. 
Permeated pipes are difficult to detect unless the solvent is already in the drinking 
water or failures in the waterline are reported. Laboratory methods have been developed to 
measure permeation through polymers. All require laborious preparation of the sample, and 
most require sample destruction (Comyn, 1985). 
Near Infrared Spectroscopy (NIRS) is known as a fast and non destructive technique 
for concentration measurement and discriminative analysis for several organic compounds. 
Infrared is electromagnetic energy that causes molecules to vibrate. Molecular groups from 
organic compounds (such as CH, CH2, CH3, CC, and H20 among others) vibrate when they 
absorb light with certain energy. The measurement of the light by reflectance or 
transmittance by spectrometers provides a characteristic spectrum which contains 
information about composition and other properties. 
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Chemometric analyses are required to use the NIRS spectral data. Some procedures 
reduce the noise and enhance signal; others retain the relevant information while reducing the 
spectral data size, such as the principal component analysis, (PCA). Laboratory data are 
correlated with spectra to create a regression model. Thus, NIRS is laboratory dependant in 
the beginning, but is a fast and reliable technique once the model is created and validated 
(Pou, 2002). 
NIRS is already a useful tool in quality control in pipe production and plastic 
recycling. NIRS is used for on-line and in-line production processes, discriminating among 
plasticizers and additives. It is also a recognized method to determine organic solvent 
concentration, and other quality compounds in fuel and gasoline, but no study has related 
permeation of PVC pipes to NIRS spectra. Toluene and benzene are the primary permeation 
threats based on previous studies. Toluene and benzene are also aromatic compounds, the 
chemical group which larger presence in gasoline (around 35%). These two compounds have 
been involved in 89% of the permeation cases (Hoisen et al. 1991). 
The objective of the first study was to track pipe permeation with NIRS. Some 
changes in molecular bonds may be expected due to the solute passing through the pipe wall 
from early permeation stages. Concentration of solute in the pipe wall may give different 
spectra, and thus a way to detect the pipe state of permeation. 
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MATERIALS AND METHODS 
Selection and treatment of pipes with organic solvents 
Three PVC pipes (named C, D, and I) were selected from the inventory of the Iowa 
State Civil Engineering laboratory. All pipes had one inch internal diameter. They came from 
different manufacturers and were expected to have different additives and characteristics 
(Table 1). 
Table 1. Pipes for the permeation rate study 
Pipe ID Manufacturer Manufacturer Location 
C Charlotte Pipe and 
Boundary Co. 
Livingston, NJ 
D J-M Manufacturing 
Company, Inc. 
Monroe, NC 
I Cresline Plastic Pipe Co., 
Inc. 
Evansville, IN 
Pure toluene and benzene were obtained from Fisher Scientific (Chicago, IL) with 
purities higher than 99%. A set of pipes were also soaked with pure gasoline purchased 
locally. 
Pipe samples were washed with water and Windex and dried for 24 hours at room 
conditions. The ends of the PVC samples (about 5 inches long) were sealed with square 
pieces of glass with waterproof epoxy putty sealant. Before the last piece of glass was sealed 
to the pipe, the pipe was filled with water to about % inch from the top. The epoxy used was 
resistant to water and solvents. The exposed pipe length to the solvent was about 4 inches, 
and about 0.5 inches were covered with the sealant from both ends. The exposed areas were 
the same for all the experiments. 
The concentrations selected were pure gasoline, pure solvent (toluene/benzene), 
100% aqueous saturated solution, 80% aqueous saturated solution, 40% aqueous saturated 
solution, and 20% aqueous saturated solution for both toluene and benzene. 
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Duplicate samples were set up for each solvent at each concentration, 66 total 
samples. Table 2 shows the complete set of samples and experiments. PVC samples were 
vertically immersed in individual 1 liter I-Chem® teflon-cap jars (Chase Scientific Glass Inc., 
Rockwood, TN) filled with solvent at the right concentration, ensuring no bubbles or free 
space in the jar (Fig 12). Proportions by weight were mixed with the Masteflex pump and 
Teflon tubes to transfer the aqueous saturated solution to each jar. The solution was replaced 
every week to ensure constant concentration during the study. 
Figure 12. Two of the samples, sealed with glass and epoxy 
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Table 2. Summary of experimental design 
Pipes Solvent Dilution Sample Total data 
points 
Scans/day 
(reps) 
Total soaking 
time 
Availability 
of laboratory 
data 
Gasoline Pure 
1 19 6 9 months n/a 
2 19 6 9 months n/a 
Pure 
3 9 6 14 days 9 days 
4 9 6 14 days 9 days 
100% 
Saturated 
solution (ss) 
5 14 4 7 months 
PVC: 
D,I,C 
6 14 4 7 months 
Toluene 
80% ss 
7 14 4 7 months 
8 14 4 7 months 6 months, for 
40% ss 
9 14 4 7 months PVC D only 
10 14 4 7 months 
20% ss 
11 14 4 7 months 
12 14 4 7 months 
Pure 
13 9 6 14 days 7 days 
14 9 6 14 days 7 days 
100% 
Saturated 
solution (ss) 
15 14 4 7 months 
16 14 4 7 months 
Benzene 
80% ss 
17 14 4 7 months 
18 14 4 7 months 4 months, for 
40% ss 
19 14 4 7 months PVC D 
20 14 4 7 months only 
20% ss 
21 14 4 14 days 
22 14 4 14 days 
Total samples 22x3= 
66 
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Figure 13. Samples immersed in Teflon-cap jars 
Laboratory data for the calibration 
Two laboratory reference measurements of permeation were developed in the Iowa 
State University Environmental Engineering lab; moving front expressed as the moving front 
thickness (mm), and solvents sorption test expressed as weight gain in grams or %. Samples 
were measured weekly for aqueous solutions or daily for pure solvent samples. 
The moving front test measured the progress of the solvent front through the pipe 
during the permeation process to the nearest 0.001 mm. For this method, the samples were 
immersed in 100 mL I-Chem® teflon-cap jars (Chase scientific glass Inc., Rockwood, TN), 
filled with the same solvent and concentrations. The moving front length was measured using 
reflected light microscopy "Olympus BHM microscope" (Olympus America Inc., Center 
Valley, PA), after being wiped dry with a paper towel. Five optical measurements were taken 
equidistantly and averaged. The microscope measured the swollen region, which looks 
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darker, using the calibrated reticule of the eyepiece. Reading conditions were improved with 
epoxy mountings and polishing the samples with a Buehler "Ecomet II" polisher (Mao, n.d ). 
Outer 
wall 1 
Inner 
wall 
Moving front 
Figure 14. Image of the PVC D wall after about seven days under permeation conditions with pure 
solvent using reflected light microscopy. (Source: Gaunt et al., 2006) 
For the sorption test, 5-inch samples sealed the same way as for the NIR study were 
immersed in 100 mL I-Chem® teflon-cap jars (Chase Scientific Glass Inc., Rockwood, TN) 
filled with the corresponding solvent and concentration. After wiping the sample with a paper 
towel and air drying for 30 seconds, the samples were weighted in a precise scale. 
Sorption test and moving front data were used as references for pure toluene and 
benzene calibrations. For aqueous solutions, benzene and toluene sorption test data were 
available only for PVC D due to logistical problems in the Civil Engineering lab. Time 
(number of days of soaking) was used for the solvent aqueous solutions and gasoline 
calibrations in order to find out if changes due to permeation are linear with time. Laboratory 
data used for calibration were the moving front in mm, the weight gain in g/cm pipe, and the 
weight gain in % over the initial weight when available. Number of days of exposure was 
used in calibrations where permeation was too slow to register laboratory data: Pure gasoline, 
benzene aqueous solutions, and toluene aqueous solutions. Table 2 reports the availability of 
laboratory data for the calibrations. 
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The standard error of the lab (SEL) was calculated as the root mean square error from 
ANOVA analysis using SAS v.9.1.3 (SAS Institute Inc., Cary, NC, USA). SEL is the 
variability between readings or jars depending on the availability of lab data, pooled across 
days*jars or days*readings. 
NIRS Instruments 
The Toss NIRsystems 6500 (Foss-NTRsystems, Silverspring, MD) works with the 
spectral range from 400 nm to 2500 nm. The visible and near visible part of the light spectra 
is read by a silicon detector (from 400 nm to 1100 nm). A PbS detector reads the rest of 
wavelengths. The instrument scans a large area using a transport cell that moves vertically 
past the light source (Tig 15). Reflection data as log (1 /R) is taken every 2 nm. The 
instrument was programmed for scanning only Vi of the cell to avoid scanning the sealant. 
Pipes were placed in the cell, using tape at the top to prevent movement. Spectral data was 
collected with WINISI II® vl.02a software package. Before scanning, samples were dried 
following the same protocol as for the sorption and moving front reference test. 
Since permeation process is faster, samples in pure solvent were scanned every day (6 
scans per day) for 14 days. Tor samples in aqueous saturated solution, the samples were 
scanned every two weeks for 7 months (14 days/points total) since permeation is slower, 4 
times for every sample per day. Samples soaked in gasoline were scanned every two weeks 
for 9 months (19 days/points) with 6 scans per sample. Only two sides of each pipe were 
scanned due to the sample conformation after sealing, manufacture labeling (brand marks), 
and manipulation issues. 
Complete permeation was not achieved for aqueous solution, but the selected periods 
of time produced sufficient points for the calibration. Saturated solution data for PVC D was 
not uniformly distributed, with skewness to the right of the distribution function since only 
higher concentration solutions provided high sorption values. 
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Figure 15. Instrument Foss 6500 
Chemometrics on spectral data 
Spectral data were taken from wavelengths from llOOnm to 2500nm. This range 
includes first and second CH overtone regions (around 1650-1790 nm, and 1150-1250nm 
respectively), and CH combination regions (around 2200-2450nm). The third overtone region 
(around 850nm-950nm) was excluded because it did not add useful information in 
preliminary tests. CH absorption regions were expected to provide most of the information. 
This also used only one detector in the 6500 instrument. 
Calibrations were developed with The Unscrambler® v9.5 statistical package (Camo 
thechnologies, Trondheim, Norway). Raw spectral data were included first, and then pre 
treated with first and second Savisky-Golay derivatives, using 5 points of smoothing. 
Derivative smoothing was chosen over other pretreatment methods to maximize spectral 
differences while reducing scattering with reduction of offset (Howard, 2006). Although 
studies of polymers analyzed with NIR used MSC as pretreatment (Fischer and Eichhom, 
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1998), this treatment normalizes the particle size and reft active index of samples, which in 
our case needs to be enhanced. 
Partial least squares (PLS) models were developed. PL S was used in polymer and 
organic solvent studies (Fischer and Eichhom, 1998; Garcia et al., 2001; Barnes et al., 2005). 
Nine PLS models were developed for the pipes soaked with pure solvent from three reference 
data: sorption data (increment of weight in grams per cm length or in %) and moving front 
(thickness of the moving front in millimeters). Three spectral data treatments (raw or no 
treatment, first, and second Savisky-Golay derivative pretreatments) were evaluated. 
PLS Models for toluene and benzene aqueous solutions for PVC D were developed 
using sorption test data (increment of weight in grams in 1 cm length). The whole spectral 
database from 7 months, three pipes with duplicates, and 4 concentrations of aqueous 
solutions were related to the time under permeation conditions. Gasoline PLS models were 
developed also with the number of days under permeation conditions as reference data, and 
compared with aqueous solution models. 
Cross validation was used with 5 to 10 samples randomly taken for validating each 
submodel developed in the cross validation procedure. The number of cross validation 
samples depended on the data set size. Model accuracy was reported giving the following 
statistic parameters: coefficient of determination (R2) of the calibration, standard error of the 
cross validation (SECY), and Relative performance determinant (RPD). 
RESULTS AND DISCUSSION 
Pure solvent models 
The best PLS models for pure solvents are reported in table 3. 
Table 3. Summary of best model results for pure solvents 
Model Reference 
data 
Pretreatment R2 RPD SECY PCs SEL 
Raw data 98 43 7.47 0.14 8 
Moving front 
(mm) 
1st derivative 99.01 9.76 0.11 6 0.022 
2nd derivative 9802 699 0.16 5 
Sorption test 
(g/cm pipe) 
Raw data 98.75 902 0.13 9 
Pure 1st derivative 99 03 992 0.12 7 0.110 
toluene 2nd derivative 98.72 826 0.14 5 
Raw data 98 79 905 1.85 9 
Sorption test 
(% weight 
increment) 
1st derivative 9902 986 1.71 7 1.077 
2nd derivative 9864 803 2.04 6 
Raw data 99 06 969 008 9 
Moving front 
(mm) 
1st derivative 9906 845 0.11 7 0.015 
2nd derivative 9906 926 009 7 
Pure Raw data 9% 97 6.87 0.17 9 
benzene Sorption test 1st derivative 97 96 6 8 5  0.17 7 0.070 
(g/cm pipe) 2nd derivative 97.51 6 2 0  0.19 5 
Raw data 9% 92 6 6 5  2.27 9 
Sorption test 
(% weight 
increment) 
1st derivative 97.84 6.70 2.13 6 0.239 
2nd derivative 98 01 6.71 2.26 6 
Raw data 96 39 5.16 0.19 9 
Moving front 1st derivative 97.15 5.71 0.17 8 0.022 
Pure (mm) 2nd derivative 97.94 6.45 0.16 9 
benzene Raw data 96 84 5.55 3.36 8 
and Sorption test 1st derivative 96 58 5.38 148 5 0.094 
toluene (g/cm pipe) 2nd derivative 9806 7.07 2.64 5 
Sorption test Raw data 69 30 1.79 10.11 15 
(% weight 1st derivative 77.00 1.95 9 6 4  15 0 681 
increment) 2nd derivative 77.42 1 9 3  9 86 14 
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Pure toluene 
All models were accurate enough to state that NIRS can track permeation in PVC by 
pure toluene. Lab repeatability is good (low SEL) and contributes to the low error in the 
NIRS calibration (low SECV). When spectral data were treated with first Savisky-Golay 
derivative the results improved, only 6 principal components (PC) were needed (Fig 16). 
Second derivative treatment gave slightly poorer results than raw data but still acceptable 
(RPD = 6.99 and SECV= 0.16 g/cm). 
Predicted Y 
Elements: 
Slope: 
Offset: 
Correlation: 0.994746 
0.109956 
0.110109 
-0.000117 
360 
0.989672 
0.022758 
RMSEP: 
SEP: 
Bias: 
0 — 
0 0.5 1.0 1.5 2.0 2.5 3.0 3.5 4.0 
first derivative, (Y-var, PC): (mm,6) 
Figure 16. Best PLS model (first derivative treatment, cross validation) for pipes soaked in pure 
toluene using moving front data (mm) (measured y) 
When principal component analysis (PCA) was performed before to the PLS, the high 
variability in the first PCs arose from differences between original pipes (before soaking) and 
pipes soaked with solvent, and among pipe types (4 clusters total, Fig 17). PVC D and I 
seemed to have more similarities in their composition than PVC C. Pure toluene has a high 
permeation rate, and chemical changes associated with toluene absorption may be stronger 
the first and last days of permeation. PLS models were able to account for differences among 
pipes. 
48 
PC2 sè! 
Cluster of PVC D and I 
o — 
Cluster of original (non soaked) 
PVC D and I 
Cluster of ohgina l (non 
soaked) PVC C 
-2 — 
Cluster of PVC C 
PC: I 
RESULT!, X-expl: 78%. I: 24%.22% 
Figure 17. Clustering in the first PCs for pure toluene moving front data (mm) 
The rest of the pure toluene models (sorption test models) followed the same 
clustering patterns. The model using % weight gain gave good results. The model showed 
good accuracy for raw data (table 3) but the best model again used the first derivative (Fig 
19). The range of % reference values is large (0 - 55%) and the laboratory repeatability error 
was low (SEL = 0.26% from 3 replicates, 9 points, 3 kinds of pipes). The behavior of points 
from the last days showed possible non linearities and may be because of pipe weight gain 
became slow on the last days. More specifically, weight gain of the pipe became irregular 
when complete permeation was close. Visual changes of pipe structure support this 
observation. Visually, pipes soaked after certain long time experiment swell, change surface 
texture, and change shape. The % weight gain was also a good reference value for NIRS 
calibrations. 
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Predicted Y 
GO 
40 — 
20 -
Eléments: 357 
Slops: •.909717 
Offset: 0.349598 
Correlation: 0.994500 
RMSEP: 1.709003 
SEP: 1.711402 
Bias: -0.001116 
Measured V 
GO 
1 stderivative(%), (Y:Var, PC)': (% weight gain,7) 
Figure 18. Best PLS validation model (first derivative treatment, cross validation) for pipes soaked in 
pure toluene using sorption test data in weight gain (%) (Measured y) 
Reference data for weight increment in grams per cm pipe length had SEL = 0.05 
g/cm length pipe. NIRS models predicted well, similar to % weight gain models. When 
derivative transformation was applied, statistics improved for the first derivative (Fig 19) and 
were poorer for the second derivative treatment. Both reference data types come from 
sorption test results and thus were correlated. The weight gain (g/cm) was also a good 
reference for calibration. 
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1 st derivative (g), (Y-var, PC): (weight increment (g),7) 
Figure 19. Best PLS validation model (first derivative treatment, cross validation) for pipes soaked in 
pure toluene using sorption test data in weight gain (g/cm) (measured y) 
Measured1 Y 
l—'—'—'—'—'—'—'——i 
§ 4 
Predicted Y 
Elements: 
Slope: 
Offset 
Correlation: 
RMSEP. 
SEP: 
Bias: 
360 
0.989049 
0.025239 
0.994529 
0.123527 
0.123699 
-4.251 e-05 
For all the pure toluene models the coefficients with more relevance in the calibration 
were those located in the first overtone region for the CH aromatic bonds (1600-1700 nm), 
C-H and C-C combination region (2100-2200 nm), CH3 combination region (2250-2350 nm), 
and variables located in CH-CH combination region (2440-2460 nm) (Fig 20). This is in 
accordance with the chemical structure of toluene and PVC, which have CH bonds in their 
chemical composition. The circled regions in the toluene spectra (Fig 21) is in the regression 
coefficients of pure toluene models (Fig 20), and they correspond to the second overtone and 
first overtone combinations of the CH group respectively. Since the models account also for 
differences between pipes, added intensities in the last peaks or other random peaks may 
refer to individual characteristics of each pipe type. 
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Figure 20. Regression coefficients from a weight gain (g/cm) pure toluene model 
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Figure 21. Pure toluene solvent spectra with Foss 6500 instrument 
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Pure benzene 
Models with pure benzene permeated pipes followed the same clustering as pure 
toluene models. SEL for benzene models were lower than SEL for toluene models. 
Moving front models (mm) for pure benzene showed slightly better accuracy than for 
toluene. Raw data and first derivative treatment showed models with similar predictive 
performance, slightly better for raw data according to RPD values (table 3). Second 
derivative treatment models were poorer. Figure 22 gives the best benzene model. RPD and 
R2 indicate a good predictive performance of the model, but visually data points show 
deviations in low and high values. Models obtained with data from derivative pretreatments 
showed the same pattern at the ends. 
Predicted Y 60 
40 
20 — 
Elements: 450 
Slope: 0.978040 
Offset: 0.747955 
Correlation: 0.938656 
RMSEP: 2.267796 
SEP: 2.270319 
Bias. 0.001279 
pure-%rraw, (Y-var, PC):'-(increment (%),9) 
22. Best PLS validation model (raw data, cross validation) for pipes soaked in pure benzene 
using % weight gain (measured y) 
Measured Y i i i i i i i 
0 10 20 30 40 50 60 
Figure 
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The final best model with raw data and weight gain in g/cm gave a SECV= 0.17 g/cm 
and RPD 6.87 (Fig 23), first derivative model gave almost the same accuracy but with 2 PC 
less. Data also showed similar behavior than models for weight gain (%). First Derivative 
treatments improved the results slightly but differences between treatments were not 
statistically significant since the models were all quite accurate (table 3) 
Elements: 
Slops: 
Offset: 
Correlation 0.988943 
RMSEP: 
SEP: 
Bias: 
450 
(]. 978338 
0.055704 
4 -4 
0.173611 
0.173305 
-8.885 e-05 
3 H 
2 -
0 m 
0 2 3 4 5 
p u re- ra w- g ra m s;..[.Y-var, PC): (weight (g),9) 
Figure 23. Best PLS validation model (raw data, cross validation) for pipes soaked in pure benzene 
using weight gain in g/cm (measured y) 
Looking at the regression coefficients for the NIR pure benzene models (Fig 24), the 
wavelengths and peaks that would arise in the benzene spectra are circled (Weyer and Lo, 
2002). They comprise the CH first overtone region around 1670 nm, CH and ring 
combination band region of streching (2100-22lOnm), and the big peak around 2460 nm of 
combination of CH and HCC vibrations. Other peaks not circled, such as the ones in the 
1850-2000 nm regions, are located in the OH combination region may be due to features 
specific to pipe type. Peaks in the region around 1350- 1450 nm are located in the CH first 
overtone region, and may be due to chemical changes in the PVC pipe. 
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Figure 24. Sample of the regression coefficients from a weight gain (g/cm) pure benzene model 
Model for predicting pure benzene or toluene permeation 
Data from pure toluene and benzene were combined to form a two solvent model. 
Compared with the best models from benzene and toluene alone, the best combined models 
used the moving front test data (mm), with RPD above 5 (Fig 25), but gave slightly poorer 
results than the individual toluene and benzene models. Models using sorption test as 
reference data were poorer, with very high SECV. Percent weight gain gave models without 
predictive accuracy, with high SECV and RPD values below 2 (table 3). Second derivative 
improved the accuracy of the combined models. 
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Figure 25. Best PLS validation model for pipes (first derivative treatment, cross validation) soaked in 
pure benzene and toluene using moving front data (mm) (measured y) 
Summary of pure solvent models 
All pure solvent models had a RPD higher than 5 which makes them suitable for 
screening and even for quality control studies (Bailleres et al, 2002). All the lab reference 
data was suitable enough to provide accurate models and according to their SEL values, 
provide low error in the calibration. First Savinsky-Golay derivative improved the results in 
most cases at the same time that the number of principal components (PCs) decreased. When 
toluene and benzene data were combined to create a general model, the moving front data 
(mm) still provided accurate models, while sorption test models gave SECV values 10 times 
higher than individual models and the % weight gain could not provide predictive models, 
with RPD values lower than 2. 
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Aqueous solution models 
Toluene aqueous solutions 
The spectral data from 7 months, three pipes with duplicates, and 4 aqueous solutions 
were related with the time under permeation conditions in days to model pipe exposure under 
all conditions. Time as reference data allowed tracking the permeation process from 
preliminary stages since NIRS was able to detect changes in pipes after the first two weeks 
under permeation conditions. Time is an independent variable that can be used for all solvent 
concentrations without decreasing accuracy as may happen with lab reference methods. 
The final model including all pipes and concentrations correlated NIR and time with 
enough accuracy for screening, giving a 19 PC model with R2= 94.50, RPD= 4.12, and 
SECV=16.11 days (Fig 26). Pretreatment with derivatives did not improve the results. 
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Figure 26. Best PLS model for pipes (raw data, cross validation) soaked in toluene aqueous solutions 
(20%, 40%, 80% and 100%) using exposure days as reference data (measured y) 
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Data then was split into sets by soaking solutions. Models for each toluene aqueous 
solution were done with raw spectral data (table 4) 
Table 4. Best models by toluene soaking saturated solutions 
Models R2 RPD SECV PCs 
100% saturated solution 97.37 5.97 10.79 6 
80% saturated solution 98 38 7.73 8.74 8 
40% saturated solution 94.61 4.19 16 38 9 
20% saturated solution 93 68 3.77 17.76 11 
The results improved for the higher concentrations (100% and 80%), with fewer PC. 
Water may add variability difficult to deal with. Solvent-water mixtures may interact 
irregularly with the pipes and that water may interfere in the analysis. If number of days is 
taken as reference data for pure solvent models, the spectra and time show very good 
correlation (12 PC, R2=98.70, RPD= 8.84, and SECV=0.51 days) 
Time (number of days) under permeation could be good as reference data, increasing the 
accuracy with the soaking solvent concentration. Lower concentrations, such as 20% saturate 
solution, show possible non linearities and are not likely to be predicted as well. 
The available sorption test data (g/cm) for PVC D was used to develop another 
independent model. The data from 20% saturated solution could not be applied due to 
inconsistency, it supports the theory that water interferes in the analysis not only in NIR but 
also in lab analysis. Without any treatment of the spectra, 10 PCs PVC D pipe permeation 
model including 40%, 80% and 100% saturated solutions achieved good results (Fig 28). 
Pretreatment with derivatives did not improve the results. So, for one kind of pipe, the 
permeation by aqueous solutions may be modeled when sorption data in g/cm is used. 
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Figure 27. Best PLS model for PVC D (raw data, cross validation) soaked in toluene aqueous 
solutions (20%, 40%, 80% and 100%), using sorption test (g/cm) as reference data (measured y) 
Benzene aqueous solution models 
Benzene aqueous solution models showed the same characteristics as toluene 
saturated solution models when days of exposure were used as reference data. The statistics 
for the raw data general model with all pipes and solutions (19PC, R2= 92.20, SECV = 18.60 
days, and RPD = 3.50) indicate that the general model would be suitable for rough screening 
(Fig 29). First derivative pretreatment improved the results slightly while second derivative 
gave poorer results. 
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Figure 28. Best PLS model for pipes (first derivative, cross validation) soaked in benzene aqueous 
solutions (20%, 40%, 80% and 100%) using exposure days as reference data (measured y) 
Data then was split into sets by soaking solutions for benzene aqueous solution 
Models with raw spectral data were calculated (table 5). SECV increased when the 
concentration of pure solvent in the solution decreased, with similar values to the toluene 
aqueous saturated solutions. 
Table 5. Best models by benzene soaking saturated solutions 
Models R2 RPD SECV PCs 
100% saturated solution 98 16 7.07 8 85 8 
80% saturated solution 95.72 4.77 13.44 8 
40% saturated solution 9627 4.85 13.65 15 
20% saturated solution 95.53 4.48 15.15 11 
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Toluene and benzene 
Aqueous data from toluene and benzene were combined together. The model with 
raw data gave a 19PC model with R2= 90.76, RPD = 3.25, and SECV = 20.21. Although first 
derivative improved the results slightly the accuracy did not improve enough to use the 
models for other purposes than rough screening. Second derivative gave slightly poorer 
results. 
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Figure 29. Best PLS model for pipes (first derivative) soaked in toluene and benzene aqueous 
solutions (20%, 40%, 80% and 100%) using exposure days as reference data (measured y) 
Gasoline model 
Laboratory data showed that gasoline did not cause significant permeation to PVC 
pipes for the short term studies (1 year). The permeation measured with the moving front and 
sorption test showed that permeation due to gasoline was smaller than permeability caused 
by aqueous solutions of pure solvents. For this reason we kept samples of each pipe and 
duplicate soaked in gasoline for 9 months and we scanned the pipes every two weeks in order 
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to detect pipe changes. Since no data for gasoline permeation could be collected in the lab, 
the number of days was taken as reference data. 
The calibration showed a very strong linear relationship with days of exposure (Fig 
30), which indicates that changes in the pipes were linearly related with time for all pipe 
types in the model. Although permeation is not detected by lab methods for the first couple 
of months, changes in the outer surface of the pipe due to gasoline compounds may occur 
and was strongly related with time (R2= 0.99, SECV = 9.27 days, and RPD = 8.79). 
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Figure 30. Model for gasoline, all pipes, cross validation, using days as reference data (measured y) 
CONCLUSIONS 
NIR tracked permeation by toluene and benzene in PVC pipes. All reference data 
(mm, weight gain (%), and weight gain (g/cm)) used for pure solvent models in these studies 
gave accurate and predictive NIRS calibrations. Models with moving front data (mm) gave 
the most accurate models with pure benzene data independently, while all reference data 
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gave models with similar accuracy for pure toluene data. Moving front models are more 
useful for future experiments since this reference data is not pipe size dependant. 
NIR detected the highest variability among original pipes and soaked and also among 
pipe types. More diversity of pipes should be added to the analysis, especially for size 
dependant reference data, such as g/cm length. Although no laboratory results from gasoline 
permeation of PVC pipes were achieved after a couple of months under gasoline soaking, 
NIRS could relate changes in the pipe with days of soaking with accuracy. Changes in the 
pipe outer wall due to gasoline could be lineary modeled with PLS. Number of days under 
permeation could be used as reference data, with rough screening accuracy for low solvent 
concentrations or for general models including all pipes and solvent concentrations, and with 
good accuracy for high solvent concentrations or hydrophobic solutions of solvents. The 
lower the solvent concentration in the solution, the higher the prediction error. 
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PART II. PREDICTION OF FUTURE PERMEATION 
PERFORMANCE OF PVC PIPES 
INTRODUCTION 
PVC pipes are made by a complex mixture of polymer, additives and resins. 
Although they are made to be resistant in natural environmental conditions, organic 
compounds cause swell, changes of mechanical properties of plastic pipes, and permeation 
(ASDWA, 2002; Ranney and Parker, 1995). Permeation is a concern for buried waterlines 
where the soil is contaminated with organic compounds due to spills or leaks (Hoisen et al., 
1991). The solvent released to the environment penetrates and fluxes by diffusion through the 
pipe wall, with a rate dependant on solvent properties, environmental factors and pipe 
characteristics. 
The pipe properties which may contribute to their susceptibility to permeation involve 
not only chemical composition but also the internal physic structure (anisotropy or 
microporosity among others) which is dependant on production process conditions, such as 
temperature and pressure in extrusion (Mauritz, 2004). 
The objective of this study was to correlate NIRs spectra with permeation 
susceptibility. NIR spectroscopy can discriminate polymers and additives (Garcia et al., 
2001; Furukaua et al., 2002; Saeki et al., 2003), as well as internal structural changes in 
pipes. Its efficiency, accuracy, speed and non destructive analysis of the samples, has already 
established NIRs as a well known technique for quality control in the polymer industry 
(Fischer and Pigorsch, 2000; Fischer and Eichhorn, 1998; Rohe et al., 1998). This new 
method may lead to safer pipelines in high risk zones, and thus better assessment and 
improvement from pipe production companies. 
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MATERIALS AND METHODS 
Pipe selection 
Twenty eight pipes were purchased from four stores in central Iowa according to their 
suitability for drinking water main waterlines, manufacturer, diameter, and issue date. Five 
manufacturers and six diameters were included. 
A second lot of thirty pipes, including 7 diameters and 4 manufacturers, were 
purchased later and used for validation of the PLS models. Tables with the technical 
information about the two sets of pipes are available in appendix A. 
Three 5-inch samples were cut from pipes as follows: one sample from the middle of 
the pipe and the other two samples cut from the ends of the pipe. With triplicate samples for 
each type of pipe, there were eighty four samples in the first set and 90 samples in the 
second. 
Laboratory data for the calibration 
Permeation laboratory data taken were the results from the fast moving front test (48 
hours) (Gaunt et al., 2006). Toluene was used since it is the major organic compound in 
gasoline which causes permeation. For the test, three or four 1.5 cm length pieces or rings of 
each sample were soaked in pure toluene inside 250 ml Teflon lidded jars, after being washed 
with water and soap to remove dirt, and dried. 
The specimens were taken from the jar and polished, measuring the solvent moving 
front thickness with a reflectance light microscope "Olympus BHM microscope" (Olympus 
America Inc., Center Valley, PA) at different intervals of time: 6 hours, 12 hours, 24 hours, 
and 48 hours. The final measurement at each time in millimeter was the mean of three to five 
measurements at three points approximately equidistant. 
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The moving front distance is linearly related to the square root of time (R2>0.99) (Gaunt et 
al., 2006). The slope k of these lines (mm/hours /2) is a measure of permeation rate for each 
pipe and was used as reference data for the calibration. The standard error of the lab (SEL) 
for the permeation susceptibility parameter ( slope k) was calculated with from 3 samples 
with 5 repetitions. 
NIR scanning of pipes 
Unexposed PVC pipes were first cleaned with Windex to remove dirt and then dried 
for twenty-four hours. Two instruments, Toss NIRsystems 6500 and Lab spec Pro model 
A108310 (ASD), were used to scan the PVC pipes. The Toss instrument worked with 
reflectance and the transport cell. The cell size limited the scanning of whole pipes with 
diameter larger than 1.25 inches. Pipes larger than 1.25 inches were cut before being 
scanned. 
The pipes were also scanned using the Lab spec Pro model A108310 which has a 
spectral range from 350 to 2500nm with a scanning time of 0.1 second, taking data every 
2nm. The device for the spectra collection in this instrument was a fiber optic input 
(moglight). 
Every sample was scanned 6 times for ASD instrument, while for the Toss 
instrument samples larger than 1.25 inches could be scanned twice. The number of scans for 
ASD instruments was 1044, and for Toss instrument, 828. 
Chemometrics on spectral data 
Two partial least squares (PLS) models, one from each instrument using the first set 
of pipes, were compared. These models were labeled Ml, for faster identification. Spectral 
data for calibrations were raw data and first and second Stavisky-Golay derivatives. The 
validation of Ml models was carried out using data from second set of pipes. 
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Another group of PLS models (M2) were developed for each instrument from about 
3/4 of the whole data (first and second set of pipe sets).The pretreatments were the same as 
Ml models (First and second Stavisky-Golay derivatives).The remaining Vi was used for 
validation of the PLS models. All PLS models were developed using The Unscrambler® 
v.9.5 (Camo thechnologies, Trondheim, Norway). 
Locally weighted regression (LWR) is a useful technique to develop calibration for 
heterogeneous or cluster-based data (Centner et al., 2000). LWR starts with defined samples 
(objects) for the calibration, and by Mahalanobis distance defines the closest neighbors to the 
new sample, ignoring the rest. The calibration model is built for the one unknown sample 
using the selected samples and principal component regression (PGR). 
PGR follows the same procedure as PLS, but the selection of latent variables is only 
according to spectral data variability (Reich, 2005). LWR models were developed from about 
75% of the whole data (first and second pipe sets combined). Predictions and validation were 
made on the remaining 25% of the data. Calibration and validation data set was the same as 
for the M2 models, and the pretreatments were first and second Stavisky-Golay derivatives, 
and standard normal variate (SNV). M3 was used to refer to the LWR models. 
LWR used Matlab® v.7.0.4 (Mathworks, Inc., Natick, MA) and PLS-Toolbox v.3.5.4 
(Eigenvectors, Inc., Seattle, WA). The function requires a starting number of initial local 
points for the model. This number was iterated as 25, 50 and 75. Number of PC was iterated 
from 5 to 15. 
The calibration models were described with the coefficient of determination (r2). The 
accuracy of the validation was reported with the standard error of prediction (SEP), Bias, and 
the ratio of the standard error of prediction to the reference data deviation (RPD). RPD is a 
ratio which indicates the predictive accuracy of the model. Acceptable values are above 3 
and excellent above 8 (Bailleres et al., 2002). 
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RESULTS AND DISCUSSION 
Calibration models Ml showed high correlation of spectra to slope k for both raw and 
treated spectral data (table 6). Spectral data from ASD were reduced to 2250 nm after 
showing large presence of noise and irregularities. It may be one of the reasons why ASD 
results are always less accurate than Toss. When the second set of pipes was added to the 
validation, calibration models could not predict the new samples with accuracy; RPD values 
were very low for all models. New samples could not be predicted with these models. 
Table 6. Best Ml models 
Ml Calibration models Validation with set 2 
Instrument Data Treatment PCs R2 RPD SEP Bias 
Raw data 19 95 70 1.02 0.016 -0.00436 
Foss6500 1st derivative 16 93 06 1.04 0.014 -0.00221 
2nd derivative 12 89 06 1.15 0.012 -0.00713 
Raw data 15 81.10 1.15 0.015 -0.02085 
ASD 1st derivative 5 73 98 1.01 0.014 0.01494 
2nd derivative 6 76.36 1.03 0.015 -0.01744 
The second set of PL S models (M2) was developed to determine if adding new 
samples in the model and predicting samples similar to those in the calibration would give 
better results. This is a common method for validation of NIRS calibrations. 
Table 7 shows better results for the Toss instrument, but neither instrument produced 
models with predictive ability. The clustering effects detected in the principal component 
analysis (Tig 31) do not allow more accurate models. SEL among samples from 3 samples 
with 5 repetitions gave a value of 0.0018 mm/ 1/2h. Laboratory reproducibility was not 
limiting the accuracy of the models. Treatment with derivatives provided poorer calibration 
models. 
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Table 7. Best M2 models 
Calibration models M2 
(3/4 of whole data) (1 
Validation 
14 of whole data) 
Instrument Data Treatment PCs R2 RPD SEP Bias 
Foss6500 
Raw data 
1st derivative 
2nd derivative 
18 
16 
13 
82.19 
87.49 
85.61 
2.33 
2.21 
1.87 
0.0059 
0.0062 
0.0074 
-0.00016 
-0.00053 
-0.00059 
ASD 
Raw data 
1st derivative 
2nd derivative 
12 
3 
6 
39.06 
35.08 
51.55 
1.25 
1.18 
128 
0.0108 
0.0114 
0.0106 
0.00037 
0.00037 
0.00067 
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Figure 31. Clustering pattern from the PCA 
LWR models (M3) were developed on Foss6500 raw data. There was not a single 
solution or best model among the iterations. Multiple combinations of PCs, initial objects, 
and pretreatments of spectral data gave similar accuracies (Appendix B). LWR gave several 
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good models. The trend of these models was that for the same accuracy, the more objects 
(spectra) considered in the models the more PCs must be included in the calibration. Since 
higher PCs included can lead to overfitting, models with good performance and few PCs 
were preferred. Pretreatments with derivatives gave poorer results, while SNV models 
showed better accuracy than raw data models. For SNV models, when 25 initial objects were 
taken best results were shown from 5 to 10 PC, with highest values of RPD at 6, 7 and 8 PC 
(Fig 32). 
Best RPD values were above 7. NIRs predicted PVC pipe susceptibility to permeation 
with accuracies suitable for quality control with LWR where traditional global PL S models 
failed. 
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Figure 32. Surface for the SEP values of models with SNV pretreatment 
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CONCLUSIONS 
The Laboratory method for calibration, the fast moving front test, is a good method 
that gives a low error (SEL = 0.0018 mm/h12). Permeation susceptibility could not be 
modeled with success with global partial least squares (PLS) due to data heterogeneity and 
clustering. LWR dealt with the heterogeneity and diversification of pipe populations and 
gave accurate models. This indicates that NIRS is capable to predict pipe permeation 
susceptibility with methods such as LWR, but only when the tested samples belong to pipe 
types included in the calibration population. Increasing the number of pipe types will create a 
more complete database capable of predicting permeation susceptibility from future samples. 
More pipes should be added until most of the pipe kinds are represented in the calibration. 
LWR increased the RPD to values around 7 from values around 2 in the best global PLS 
models. 
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GENERAL CONCLUSIONS 
In the first study (Chapter 3), NIRS tracked permeation by toluene and benzene in 
PVC pipes successfully. All reference data provided for pure solvents (mm, weight gain (%), 
and weight gain (g/cm)) showed low standard error (SEL) and gave accurate and predictive 
partial least squares (PLS) models. When time (days of soaking) was used as reference data 
for solvent saturated solutions, obtained models were accurate for rough screening although 
lower solvent concentrations lead to higher error of prediction. Permeation by gasoline could 
be modeled with PLS with good accuracy. NIRS could track changes in the pipes soaked 
with gasoline as early as day fifteen, while traditional lab methods could not detect 
permeation before two months of soaking. 
NIRS detected the highest variability among original pipes and soaked and also 
among pipe types. These spectral differences between pipes were correlated with permeation 
susceptibility in the second study (Chapter four). Reference data was obtained from the fast 
moving front test and showed low error (SEL = 0.0018 mm/h12). Although the heterogeneity 
and diversification of pipe population could not be modeled with PLS, locally weighted 
regression models provided accurate models with maximum RPD values around 7. NIRS was 
capable to predict pipe permeation with LWR, but the tested samples must belong to pipe 
types included in the calibration population. A big pipe database with all the pipes 
represented in it is required in order to predicting permeation susceptibility from future 
samples. 
A new promising field for NIRS has been discovered with these studies. NIRS has 
shown to be able to detect changes in pipes under permeation conditions; even for low 
solvent concentrations or situations that permeation is so small that other laboratory methods 
can not measure it, such as permeation caused by gasoline. Most of the permeation laboratory 
data available could be used to develop accurate NIRS models for tracking pipes permeation. 
One of the most striking aspects of these studies is the ability of NIRS to 
discriminate pipes even among changes associated to permeation. This property has been a 
problem during the principal component analysis and model robustness for the first part of 
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the thesis, but it has been taken as an advantage for the second study, where differences 
between pipes and their susceptibility to permeation had to be modeled with NIRS. Once the 
clustering effects can be attenuated with the use of right models, such as local weighted 
regression, susceptibility of pipes to permeation can be related with their spectral 
information. With these encouraging results, NIRS became a new tool to consider in future 
permeation studies and pipe companies' assessment. 
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FUTURE RESEARCH 
The investigation started in these studies can follow different directions. The first 
option could be the model improvement, adding more repetitions from a same pipes and 
more kind of pipes. We may expect that PLS won't model with more pipes since PCA will be 
affected with more clusters. For this reason, Local weighted models or non linear models 
should be used in future studies. Another step to improve the models would be adding high 
permeated samples (high values of moving front and solvent sorption), avoiding especially 
for aqueous solutions having a skewed distribution. 
NIR imaging is a quite new technique which could provide more information about 
permeation processes. It would make possible to study the interaction water-solvents or 
between solvents inside the pipe wall and know which way water and solvent moved through 
wall pores when a pipe is permeated by different concentration or mixtures. 
The second study provided a new quality parameter which may be analyzed in line 
with NIR. The model can be improved adding more samples, until the whole population of 
pipes used in waterlines is reflected in the model. Local regression seems to be a suitable 
method and we may want to keep linked to it in future model development of PVC pipes 
permeation. 
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APPENDIX A: Part II. ADDITIONAL INFORMATION OF 
PVC SAMPLES 
A.l. First set of pipes 
Pipe ID Diameter (inches) Brand Other specifications 
1 J-M 
2 Suven-Line 
3 J-M 
4 American 
5 Genova 
6 % Genova 
7 % J-M 
8 % American Date: 11/18/05 
9 % American Date: 11/23/05 
10 % J-M Date: August 2005 
11 % J-M Date: December 2005 
12 1 Genova 
13 1 J-M 
14 1 American 
15 1 J-M Date: November 2005 
16 1 J-M Date: 12/11/04 
17 1+ VA American 
18 1+ VA Genova 
19 1+ VA Suven-line 
20 1+ VA J-M 
21 1+ VA Charlotte 
22 l+Vi American 
23 1+Vi J-M 
24 I+V2 J-M 
25 I+V2 Charlotte 
26 2 J-M Date: 2005 March 
27 2 J-M Date: 2006 January 
28 2 American 
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A.2. Second set of pipes 
Pipe ID Diameter (inches) Brand Other specifications 
29 Genova 
30 J-M Date: 2006 Jan 11 
31 J-M Date: 2005 June 09 
32 N. American 
33 Charlotte 
34 % J-M Date: 2005 May 30 
35 % J-M Date: 2005 May 30 
36 % J-M Date: 2005 June MEA 
37 % Genova 
38 % J-M Date: 2006 JanMEB 
39 1 J-M Date: 2005 Feb 
40 1 Genova 
41 1 N. American 
42 1 J-M Date: 2005 Sep 
43 1+ VA N. American 
44 1+ VA J-M Date: 2005 Nov 
45 1+ VA J-M Date: 2006 Feb 
46 1+ VA Genova 
47 1+ VA J-M Date: 2006 March 
48 l+Vi Charlotte 
49 I+V2 J-M Date: 2006 March 
50 I+V2 J-M Date: 2006 April 
51 I+V2 Genova 
52 I+V2 N. American 
53 2 Genova 
54 2 N. American 
55 2 J-M Date: 2006 March 
56 2 J-M Date: 2006 June 
57 3 J-M 
58 2 J-M Date: 2006 March 
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APPENDIX B: Part II. ADDITIONAL GRAPHS OF LWR MODEL 
STATISTICS 
Absolute value of Bias 
Absolute Bias for 25 objects 
• Second derivative 
• First derivative 
• Raw data 
B. 1. Absolute bias for LWR calibration with 25 objects 
Absolute Bias for 50 objects 
0.0008 
0.0007 
0.0006 
0.0005 
0.0004 
0.0003 
0.0002 
0.0001 
Pes 
• Second derivative 
• First derivative 
• Raw data 
• SNV 
B.2. Absolute bias for LWR calibration with 50 objects 
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Absolute Bias for 75 objects 
0.0008 
0.0007 
0.0006 
0.0005 
0.0004 
0.0003 
0.0002 
0.0001 
Pes 
• Second derivative 
• First derivative 
• Raw data 
• SNV 
B.3. Absolute bias for LWR calibration with 75 objects 
RPD 
RPD for 25 objects 
• Second derivative 
• First derivative 
• Raw data 
• SNV 
B.4. RPD for LWR calibration with 25 objects 
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RPD for 50 objects 
• Second derivative 
• First derivative 
• Raw data 
B.5. RPD for LWR calibration with 50 objects 
RPD for 75 objects 
• Second derivative 
• First derivative 
• Raw data 
B.6. RPD for LWR calibration with 75 objects 
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